The Anisotropic Quality Index (AQI) was previously introduced by the authors as a non-distortion-specific, noreference image quality measure. AQI is based on measuring the variance of the expected entropy of a given image over a predefined set of orientations. In this paper, a statistical evaluation of AQI is provided using standard benchmarking parameters showing good match with observer's response. Some AQI extensions are proposed for tackling ill-posed noise types that provide fair or poor performance. A comparison with other no-reference methods has been included showing good competitiveness with many of them.
Introduction
No-reference image quality assessment (NR-IQA) methods provide quality estimates without any prior knowledge about the reference image and the quality evaluation is only based on the test images. Most of the conventional NR-IQA algorithms can be classified into three different categories: (i) Distortion-specific (Single/Multiple distortion), (ii) Natural scene statistics (NSS), and (iii) Training/learning methods. For recent surveys of no-reference image quality assessment algorithms, the readers may refer to [1] . This paper is focused on assessing the performance of the distortionspecific (multiple distortion mode), no-reference index called Anisotropic Quality Index (AQI) introduced by he authors in [2] . The major contributions of this paper are twofold. First, the AQI index has been evaluated using standard benchmarking parameters not previously considered in [2] . Secondly, AQI modifications are proposed to extend the suitability of the index to more noise types.
Interestingly, the AQI measure has been used in different real-world scenarios. Sidiropoulos and Muller [3] used AQI for the quality assessment of planetary degraded images and Bos and Roggermann [4] for speckle image reconstruction. In [5] , AQI was applied in different biometric applications (face, fingerprints and hand veins). AQI was used in different surveillance scenarios under the presence of atmospheric distortions [6] and for biomedical image classification [7] .
In a recent work, Maddheshiya [8] pointed out the need to develop no-reference quality metrics such as AQI that can overcome the limitation of other measures that are distortion specific. In addition to that, the AQI performance was validated using the LIVE database. LIVE is a standard image database that is frequently used as a benchmark because the distorted images have been evaluated by human observers. In such work, they concluded that AQI is highly correlated with Structural Similarity Index Measure (SSIM) [9] and therefore it will be suitable for no reference quality assessment and among the five distortion types included in LIVE it provides a more accurate and stable performance for white noise and Gaussian blur distortions. This known AQI limitations led us to introduce few extensions for improving the index performance. This paper is structured as follows. 2. The Anisotropic Quality Index and the LIVE image database
Automatic image quality assessment
Image quality approaches are largely dependent on the area of imaging considered. However it would be of interest to define a generic objective quality assessment based on a physical measure such as the image anisotropy which relies on the assumption that high quality images have richer information contents than low quality images [3] . Additionally, it was experimentally shown that such physical parameter correlates well with the human observer's scores specially in the case of Gaussian noise and blur [2] . Based on such principle, the AQI was initially proposed in [2] as an image quality objective measure extracted from the spatial/spatialfrequency domain. In this paper, few adaptive AQI extensions are introduced by the authors for tackling illposed image distortions for improving the quality measure performance.
The original AQI algorithm
The AQI measure is based on the extraction of the Rényi entropy from a joint spatial/spatial-frequency representation, specifically from the Wigner Distribution (WD) [10] [11] [12] . The Rényi entropy is given by
where α is a real-positive number. The Rényi entropy will be calculated by means of Eq. (1) through a Wigner Distribution:
In Eq. (2), z(n) represents the gray values of pixel n in a given image z. Variables n and k represent the spatial and spatial-frequency discrete variables respectively, and m is a shifting parameter, which is also discrete. The general case of the Rényi entropy given by Eq. (1), is particularized by identifying P with a normalized WD [2] to yield
Here α = 3 has been selected for reducing the interference of cross-terms and the normalized WD is given by
For each pixel, an oriented 1-D window was used to measure the entropy along different orientations. The algorithm has a directional dependence. In a continuous support the number of possible orientations is infinite. However, in a local digital context with N aligned pixels, the possible orientations over the image are practically limited to a few ones, e.g., orientation between 30 and 60 degrees may incur into a great amount of overlapping pixels on an small window. Here AQI was calculated upon six equally spaced orientations θ = 0
• , 30
• , 60
• , 90
• , 120
• and 150
• . Such set of directions has been experimentally considered a good choice for an 8-pixel window. The variance of expected directional entropy of the image has been defined as the AQI measure,
where R(θ) represents the local pixel-wise directional entropy for the whole image (see [2] for details).
Adaptive AQI algorithm
However, AQI offers different performance upon the type of distortion, which motivates the introduction of the modifications shown in this paper for extending the number of types of distortions able to be measured by this method.
In this paper, AQI is tested vs Differential Mean Opinion Score (DMOS) for LIVE database and the results obtained for different distortions types included in the LIVE image database are shown in Table 1 . Correlation measures for JPEG have been improved with respect to the original AQI by the use of a weighting factor, as it was initially described in [2] . In practice, let us suppose that L is the size of the image and S is the number of directions used to measure the image's anisotropy. Let us suppose that K is the total number of zero-entropy values found in the S orientations while measuring the entropy. The proposed corrected measure is defined as
and experimentally it showed a better correlation with DMOS for JPEG images than the original AQI. In Eq. (6) parameter β has been empirically determined to be 0.1. The AQI-weigthed measure applied to JPEG compressed images provides now high correlation values in accordance with observer's response. Correlation to MOS has been achieved by means of the Spearman rank order correlation coefficient (SROCC), Pearson rank order correlation coefficient (PROCC) and Kendall rank order correlation coefficient (KROCC).
3. The Anisotropic Quality Index and TID2013 image database
The Noise group in TID2013
The TID2013 image database includes a list of eleven types of noise under the Noise category. Table 2 summarizes the AQI performance for such noise types, using the original definition given by Eq. (5) and their correlation values have been computed using the Mean Opinion Score (MOS) provided by the observer's score [13] . Table 2 reveals that the AQI is a suitable noreference measure for most of the noise types included in TID2013 with exception of three cases: (i) 3. Spatially correlated noise, (ii) 5. High frequency noise and (iii) 7. Quantization noise. For these noises, enough correlation has not been achieved and therefore such kind of noise type cannot be properly evaluated by the AQI. In order to extend the AQI to the noise types not covered by the original algorithm, some modifications are needed as discussed next.
AQI modification for spatially correlated noise and High Frequency noise
A well-known example of spatially correlated noise is speckle noise, which is the granular or mottled phenomenon that appears, e.g., when a rough surface is illuminated by a laser source. Speckle noise violates the statistical features of original images by modifying the image moments. In order to make feasible the measurement of images affected by speckle noise, the AQI has been normalized through the expected value of the image entropy, calculated as the mean value of the entropy along a set of orientations.
Hence, the AQI normalizing procedure is given as follows: Table 3 shows the correlation measures after applying the normalized index defined by Eq. 7 for the TID2013 database Noise types.
The normalized AQI measure has improved over the original for Spatially correlated noise and additionally for High frequency noise. However, such normalized measure does not provide enough accuracy for Quantization noise (SROCC: 0.76, KROCC: 0.7120, PROCC: 0.7730), where KROCC was used as a measure of concordance between two sets of rankings. It is worth mentioning that the normalization procedure has a selective behavior, as Quantization noise, Gaussian blur and Image denoising are now out of the scope of the normalized measure. In other words, the results presented in Table 3 indicate that the original AQI should be preferred for these other noise types. Fig. 2a-b shows examples of images degraded with spatial correlated noise and high frequency noise respectively.
In order to provide a feasible explanation of the failed results for AQI norm with Gaussian blur and image denoising noise types, Fig. 1 shows the results of the expected values for directional entropy R(θ) for each of the 11 different noise types described in the TID2013 database. It is worth to be mentioned that while most types showed increasing values of entropy for increasing noise (represented in the horizontal axis of Fig. 1) , Gaussian blur and image denoising showed decreasing values of entropy and this characteristic has to be considered as the reason for differences in the accuracy performance. Also in the case of lossy compression of noisy images a non monotonous entropy response is observed, being this the reason for the loss of accuracy when the AQI normalized measure is used, as shown in Fig. 1. 
AQI extension for Quantization noise
Quantization noise is a distortion originated when a signal is transformed from analog to digital form. Numerically, it represents the difference between the analog input and the digital output that is usually called Quantization error. This type of noise is characterized by its non-linearity character and its signal-dependence. An image example degraded with Quantization noise is shown in Fig. 2c . This type of noise can be considered as a limiting case to the JPEG compression. The loss of accuracy with Spatially correlated and High frequency noises has been solved by considering the normalized AQI measure as shown in section 3.2. However, Quantization noise requires a different treatment. Experimentally, it has been observed that Quantization noise has a high amount of zero values of entropy when considered at pixel level. Hence, in order to improve the correlation values MOS vs SROCC, KROCC and PROCC for this particular case, the measure of anisotropy has been corrected replacing AQI by AQI norm in Eq. 6. The quality 
where the parameters K, L, S and β have the same meaning as in Eq. (6). Likewise, the second factor of Eq. (8) penalizes the presence of zero-entropy values in the directional entropy histograms due to the presence of flat areas in the original image after the quantization process. Parameter β has been empirically determined to be 0.1.
A great improvement in the correlation values has been obtained through this normalized-weighted AQI measure as shown in Table 4 . The value of correlation with MOS for quantization noise obtained by the AQI quant method has been compared with the Transform Domain Measure of Enhancement with Chrominance (TDMECH) [14] for the TID2008 database and has shown to provide better performance for the PROCC correlation measure (see Table 5 ).
Comparison with other methods
A comparison study of AQI with the most renowned NR-IQA metrics was performed including Autoregressive-based Image Sharpness Metric (ARISM) [15] ; Blind Image Blur Evaluation (BIBLE) [16] ; Natural Image Quality Evaluator (NIQE) [17] ; Blind Image Quality Index (BIQI) [18] ; Blind/Referenceless Image Spatial Quality Evaluator (BRISQUE) [19] ; Distortion Identification-based Image Verity and Integrity Evaluation (DIIVINE) [20] and Spatial-Spectral Entropy-based Quality (SSEQ) [21] index methods. It should be noted that BIQI, BRISQUE, DIIVINE and SSEQ are learning-based methods, and the images in the LIVE database are used to train a support vector regression model. Tables 6 and 7 summarize the experimental results for non-training and training-on-LIVE measures respectively and the best results are marked in boldface. It can be observed that the AQI algorithm equals or even outperforms the other methods for Gaussian Blur and White noise and it is close to these methods in the remaining distortion types. That means that although the AQI method is not a learning based method, it is competitive when compared with other learning-based methods.
The Anisotropic Quality Index and the LIVE 3D image database
The field of NR-IQA of 2D images and videos received a lot of attention in the past decades however the development of 3D image/video quality assessment remains relatively un-explored and still in its early stage. In this section, the AQI and its corrected measure AQI JPEG have been tested against the distorted 3D content of Phase 1 and Phase 2 dataset of the LIVE 3D image quality database [23] [24] [25] and results obtained for different distortions types are shown in Tables 8 and 9 respectively. LIVE 3D image quality database was constructed in two phases. Phase I contains only symmetrically distorted stereo images and Phase II provides both symmetrically and asymmetrically distorted stereo images annotated with subjective human rating. These results are in line with the measures obtained when testing LIVE 2D images. It is worth to note that, based on the benchmark correlation measures with DMOS scores, AQI is a good NR-IQA measure for all noise types in [22] . In a real world scenario, where the distortion types cannot be determined in advance or there is a suspicion that multiple degradations are present, a good strategy will be to combine the original AQI with other quality measures as in [3] . A MAT-LAB toolbox for computing AQI for arbitrary grayscale or color images is available from http://bit.ly/2euSwDT. Additionaly, a Python notebook implementing the AQI algorithm is located at http://bit.ly/2Cmrc35.
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